Although microarray technology has emerged as a powerful tool to explore expression levels of thousands of genes or even complete genomes after exposure to toxicants, the functional interpretation of microarray data sets still represents a timeconsuming and challenging task. Gene ontology (GO) and pathway mapping have both been shown to be powerful approaches to generate a global view of biological processes and cellular components impacted by toxicants. However, current methods only allow for comparisons across two experimental settings at one particular time point. In addition, the resulting annotations are presented in extensive gene lists with minimal or limited quantitative information, data that are crucial in the application of toxicogenomic data for risk assessment. To facilitate quantitative interpretation of dose-or time-dependent genomic data, we propose to use combined average raw gene expression values (e.g., intensity or ratio) of genes associated with specific functional categories derived from the GO database. We developed an extended program (GO-Quant) to extract quantitative gene expression values and to calculate the average intensity or ratio for those significantly altered by functional gene category based on MAPPFinder results. To demonstrate its application, we applied this approach to a previously published dose-and timedependent toxicogenomic data set (J. F. Dillman et al., 2005, Chem. Res. Toxicol. 18, 28-34). Our results indicate that the above systems approach can describe quantitatively the degree to which functional gene systems change across dose or time. Additionally, this approach provides a robust measurement to illustrate results compared to single-gene assessments and enables the user to calculate the corresponding ED 50 for each specific functional GO term, important for risk assessment.
Microarray technology has become a powerful tool to explore the expression levels of thousands of genes or even complete genomes after exposure to toxicants. A major challenge in the interpretation of toxicogenomic data is the functional interpretation, linking potentially interrelated alterations in gene expression to conventional toxicological end points (Hamadeh et al., 2002; Moggs, 2005) . The functional interpretation of microarray data sets represents a laborious and challenging task. Researchers gather annotations from databases and identify characteristics of extracted sets of genes. The Gene Ontology (GO) Consortium initiated the standardization of annotation terms making them applicable for different organisms, facilitating data exchange among laboratories and databases (Ashburner et al., 2000; Camon et al., 2004; Harris et al., 2004) . These characteristics render GO annotations a powerful tool for the interpretation of microarray data. The ability to determine which GO terms apply or which biological pathways are associated with each differentially expressed gene from a microarray experiment provides an ideal model to gain an understanding of what molecular processes are affected by the observed changes in gene expression. Recently, many groups have developed methods and tools for pathway analysis that are compatible with GO mapping and reveal statistically significant annotations associated with microarray data (Al-Shahrour et al., 2004; Beissbarth and Speed, 2004; Dennis et al., 2003; Doniger et al., 2003) . The combination of using GO and pathway mapping has been proposed as a powerful approach to generate an unbiased view of biological processes and cellular components that are regulated by toxicant exposure at the transcriptional level (Currie et al., 2005) . In general, these methods are based on a two-step process. First, a list of significantly altered genes is compiled based on statistical analysis (e.g., ANOVA). Second, annotation terms that are significantly over-or underrepresented within this list based on criteria such as fold change or statistical p value are compared to a reference list that usually consists of all genes on the array. An excellent example of the application of this approach for the analysis of di(2-ethylhexyl)phthalate exposure is given (Currie et al., 2005) . However, these current methods only allow for a comparison of two experimental settings at a time and/or are restricted to one of the main GO categories or to a specific GO level. Furthermore, the resulting annotations are presented in extensive gene lists lacking quantitative information on each regulated gene. This one-dimensional analysis does not allow for quantitative or qualitative evaluation of possible dose-or time-dependent genomic relationships, which is crucial for the application of toxicogenomic data in the field of risk assessment.
An approach using the data average from many different genes categorized into broad ''omic categories'' has been proposed (Jansen and Gerstein, 2000) . However, there is no consensus about the omic categories, and no systemic approach has been proposed to identify and calculate the average data. Since then, there has been a rapid development of the GO project, a collaborative effort to address the need for consistent descriptions of gene products in different databases (Ashburner et al., 2000; Camon et al., 2004; Harris et al., 2004) . The GO collaborators are developing structured, controlled vocabularies (ontologies) that describe gene products in terms of their associated biological processes, cellular components, and molecular functions in a species-independent manner. The use of GO terms by several collaborating databases facilitates uniform queries across them. The Gene Ontology identifier (GOID) for the term seems to be a perfect candidate for the proposed omic categories. Computer programs such as MAPPFinder are available to link gene expression data to the GO hierarchy and to statistically identify the GO terms altered by toxicant exposure (Doniger et al., 2003) . To facilitate quantitative interpretation of dose-or time-dependent genomic data, we propose a systembased approach to integrate the raw gene expression data with the GO Ontological analysis. We developed a computer program called GO-Quant that automatically links functional gene category analysis result from MAPPFinder with the original gene expression data and calculates the average intensity or ratio for those significant genes within each GO term. We applied this approach to demonstrate its application in a published dose-and time-dependent toxicogenomic data set (Dillman et al., 2005) . Our results indicate that the above systematic approach can describe quantitatively the degree to which functional gene systems change across dose or time course. Additionally, this approach provides a global measurement to illustrate our results compared to single-gene assessments and enables the user to calculate the corresponding ED 50 for each specific functional GO term.
SYSTEMS AND METHODS
Gene expression data set. In this paper, dose and temporal genomic data were obtained from Dillman et al. (2005) . The complete raw data set was retrieved from NCBI's gene expression omnibus (GEO, http://www.ncbi.nlm. nih.gov/geo/) through GEO Series accession number GDS 1027. As described in the study of Dillman et al. (2005) , rats were injected in the femoral vein with liquid bis(2-chloroethyl)sulfide (sulfur mustard, SM), which circulates directly to the pulmonary vein and then to the lung. Rats were exposed to saline, isopropyl alcohol (vehicle control), 1, 3, or 6 mg/kg of SM in vehicle (isopropyl alcohol) and lungs harvested at 0.5, 1, 3, 6, and 24 h postinjection. Three biological replicates were used for each time point and dose tested. Physiological saline administrated in a similar manner was also included as an additional control. RNA was extracted from the lungs and used as the starting material for the probing of replicate oligonucleotide microarrays. All experiments were performed using Affymetrix Rat RAE230A oligonucleotide arrays (Affymetrix, Santa Clara, CA).
Statistical analysis and comparisons. Raw gene expression data were imported to BRB Array Tools v3.3 for statistical analysis (Wright and Simon, 2003) . A log 2 transformation was applied to the data set. Each array was normalized by using the median intensity over the entire set of arrays. Since in this paper we are demonstrating our system approach by applying it to dose or time course microarray data, we conducted one-way ANOVAs across doses or time points. Statistical comparisons were conducted across doses (vehicle control, 1, 3, or 6 mg/kg) for each time point (0.5, 1, 3, 6, and 24 h) or across time points for each dose by using the ''randomized variance'' F test (Long et al., 2001; Wright and Simon, 2003) . Significantly changed genes across doses (dose response) at specific time points (6 and 24 h) were selected based on one-way ANOVA test at p < 0.005 while significantly changed genes across time points (time course) at a dose of 6 mg/kg were selected based on one-way ANOVA test at p < 0.001 since there was a large number of genes changed with time. Hierarchical clustering analysis of functional gene category based on MAPPFinder results was performed across doses at two time points (6 and 24 h) or across time points at a dose of 6 mg/kg for the significantly changed genes. For the selected significant genes, ratios were derived by dividing each normalized gene value by the average value of the controls (vehicle) and then transforming the ratios to their respective log 2 ratios. These log 2 -transformed ratios were used as input for the TIGR Multiexperiment Viewer (MEV) (Saeed et al., 2003) . Hierarchical clustering analysis was conducted on the output genes using average linkage and Euclidean dissimilarity methods (Eisen et al., 1998) . The complete output of the cluster analysis is shown with the fold change indicated colorimetrically.
GO analysis. To establish associations between treatment and the affected GO terms and pathways, we used MAPPFinder (http://www.GenMapp.org) (Doniger et al., 2003) , which links gene expression data to the GO hierarchy (Ashburner et al., 2000; Camon et al., 2004; Harris et al., 2004) . MAPPFinder calculates a Z score as well as a permutation test p value for the genes that are significantly altered across doses ( p 0.005) at 6 or 24 h or across time points ( p 0.001) at a dose of 6 mg/kg doses. Since we proposed to use combined average raw gene expression values (e.g., intensity or ratio) of genes associated with specific functional gene categories derived from the MAPPFinder results and there are two directions of gene expression changes at a certain dose (or time), either upregulation or downregulation within a specific gene category, the average of these two different directions of gene expression alteration will mask the degree of changes. Therefore, the upregulated or downregulated genes will be calculated separately in the MAPPFinder. In this study we found simple patterns of expression of a consistent upregulation or consistent downregulation across dose and time based on K-means cluster analysis (Soukas et al., 2000) . K-means cluster analysis was used to group individual genes across doses (or times) into two groups classified as up-or downexpression based on the trend with dose (or time) of the mean expression pattern. The number of clusters used in our analysis was chosen based upon having the mean expression patterns against dose (or time), and this assumption of using only two clusters was tested by examining using more than two clusters. To test the robustness of this method, we compared the K-means cluster analysis with a manual analysis of the trend. In the manual analysis of trend, we assigned an upregulation trend of a gene when the gene expression ratio was significantly elevated in at least three of the four groups or elevated at both SM 3 and 6 mg/kg groups. The trend of downregulation of a gene across groups was assigned when the gene expression QUANTITATIVE INTERPRETATION OF DOSE-AND TIME-DEPENDENT MICROARRAY DATA level was significantly downregulated in at least three of the four groups or downregulated at both SM 3.0 and 6 mg/kg groups. The manual analysis of trend tended to create isolated clusters with few genes and larger clusters poorly represented by their mean expression patterns.
Each GO node and the cumulative total of the number of genes either upregulated or downregulated in a parent GO term combined with all its children were calculated. Z scores, a statistical measure of significance for gene expression in a given group, were calculated by subtracting the number of genes expected to be randomly changed in a GO term from the observed number of changed genes in that GO term. This value was then divided by the SD of the observed number of genes under a hypergeometric distribution. The equation can be written out as
where N is the total number of genes measured, R is the total number of genes meeting the criterion that the gene be significantly changed based on an F test at significant p value, n is the total number of genes in each specific GO term, and r is the number of genes meeting the criterion in this specific GO term. A positive Z score indicates that there are more genes meeting the criterion in a GO term than would be expected by random chance. If the MAPPFinder data truly obeyed the assumptions of the hypergeometric distribution, then a Z score of 1.96 or ÿ1.96 would correlate with a p value of 0.05. In order to address the multiple testing that occurs in GO database in using Z score, a nonparametric permutation test of the data was calculated (see Doniger et al., 2003 , for more detail). This Z score allows us to rank and describe alterations in gene expression by each GO term based on the relative amount of altered gene expression within each category. For a GO term to be included in Tables 2-4, we set that at least three genes changed significantly (nested results) and that the permutation p value 0.05. Quantitative integration of GO analysis to evaluate dose-or timedependent genomic data. MAPPFinder links gene expression data to the GO hierarchy and statistically identifies the GO term altered by the toxicant exposure (Doniger et al., 2003) . Selecting genes for each category based on the arbitrary cutoff of fold change or p value change does not take into account the magnitude of the fold change of each gene, which is critical in the evaluation of dose-or time-dependent genomic data. To facilitate quantitative interpretation of dose-or time-dependent genomic data, we propose a system-based approach to integrate the raw gene expression data with the results from GO analysis. We developed a program called GO-Quant which automatically links results from functional GO analysis (MAPPFinder) with the original gene expression data and calculates the average intensity or ratio for those significantly genes within each GO term. For example, the average intensity or ratio of all significantly changed genes under statistically identified GOID was automatically calculated for each dose. Within a GOID, both upregulated and downregulated genes exist, and the calculation of this kind of average can be complicated. Thus, in our MAPPFinder analysis, the upregulated and downregulated genes were analyzed separately, and the average of intensity or ratio within a GOID in the upregulation or downregulation was calculated separately. The output file from the GO-Quant includes GO term, Z score, or average intensity or ratio, as well as gene ID. In the further analysis, the above output file was imported to MEV (Saeed et al., 2003) and a hierarchical clustering analysis on each GO term conducted using average linkage and Euclidean dissimilarity methods (Eisen et al., 1998) . This hierarchical clustering analysis allows one to visualize the quantitative GO results. A stand-alone application for the above calculation (GO-Quant) is available now from the authors (http://depts.washington.edu/ irarc/Go-Quant/).
RESULTS AND DISCUSSION

Framework for the Quantitative Functional Interpretation of Dose-and Time-Dependent Genomic Data
As shown in Figure 1 , typically three main steps are included in the framework for the quantitative functional interpretation of dose-and time-dependent genomic data. The first step is a traditional microarray analysis, aimed at identifying the statistically significant genes across dose or time course by using the ANOVA method. The next step is to identify significantly altered functional GO gene categories or pathways by using unsupervised GO analysis or a pathway-mapping tool such as MAPPFinder. The last step is to extract the quantitative gene expression data and calculate the average intensity or ratio for those genes significantly altered within each functional gene category based on MAPPFinder by using our GO-Quant program. In order to demonstrate its power in quantitative evaluation of dose-and time-dependent microarray data, we applied this approach to a published dose-and time-dependent toxicogenomic data set in rats treated with SM. Table 1 shows the outline of gene alteration across dose and time. Time course of the total number of significantly changed genes across doses (0, 1, 3, or 6 mg/kg) for each time point (0.5, 1, 3, 6, and 24 h) by one-way ANOVA comparisons ( p 0.005) is listed at the right side of the table. The number of significantly changed genes increased in a time-dependent manner, peaking at 6 h. Dose-dependent increase in the number of significantly changed genes ( p 0.005) across time points (0.5, 1, 3, 6, and 24 h) was listed in the left side of the table. Less than 137 genes changed with isopropyl alcohol across the time period observed, and more than 2600 genes changed with a dose of 6 mg/kg of SM. 
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Dose-Dependent Alteration of Gene Expression after
Injection of SM Hierarchical clustering analysis. Figure 2 shows the hierarchical cluster analysis of gene expression alterations across dose. Significant gene expression changes were seen in a dose-dependent manner after injections of SM at 6 (A) and 24 h (B). Genes significantly changed across doses (p 0.005) at 6 (737 genes) or 24 h (441 genes) after injection were chosen to conduct the hierarchical clustering analysis. Examples of dose-dependent changes included downregulation of proteintyrosine phosphatase receptor type G and upregulation of cyclin-dependent kinase inhibitor 1A and cyclin G1 transcription after 6 h postinjection (A and B clusters of Fig. 2A ). Additionally, dose-dependent downregulation of T-cell receptor beta-chain and granzyme M and upregulation of cyclindependent kinase inhibitor 1A and cyclin G1 transcription were observed 24 h postinjection (A and B clusters in Fig. 2B ). However, based solely on the above statistical analysis, it is difficult to interpret these example changes in gene expression within a biological context.
GO analysis of SM-induced genes alterations. We used MAPPFinder to find significant changes within each GO functional category. MAPPFinder linked the 11,212 probe sets measured in this experiment to the GO database. A total of 4485 probes were linked to an Ensembl ID and 3144 genes linked to a GO term in the hierarchy. MAPPFinder calculates a Z score as well as a permutation test p value for the genes that are significantly altered across doses (p 0.005) at 6 or 24 h, or across time points (p 0.001) at a dose of 6 mg/kg. MAPPFinder calculated the percentage of genes meeting the criteria of either a statistically significant increase or decrease in gene expression across dose (or time). In addition, a Z score for each GO term was calculated based on Formula 1 to identify which GO terms had a significant number of altered genes. Since there are two directions of gene expression alteration after treatment at certain a gene category, the separation of the genes based on their trend (either upregulation or downregulation) of average gene expression pattern across dose (or time) allows to quantitatively evaluate the degree of changes across dose or time. In this study we identified two simple patterns of either consistent upregulation or consistent downregulation for gene expression across doses (or time) within GO terms based on K-means cluster analysis. MAPPFinder results represent a global picture of biological processes, cellular components, and molecular functions that are significantly altered (upregulated or downregulated) at the transcriptional level after treatment (Tables 2 and 3 ). Significant downregulations of genes involved in protein modification (GOID 6464), such as phosphorylation (GOID 6468) and signaling transduction (GOID 7165, 8277, 7242, 9966, and 9968) , were observed based on biological process gene category 6 h after SM injection (Table 2 ). In contrast, significant upregulation of genes involved in the cell cycle (GOID 7049) was observed based on biological process gene category 6 h after SM injection ( Table 2 ). As shown in Table 3 , in the biological process, genes in cell cycle, especially in M phase, such as M phase of mitotic cell cycle (GOID 87), mitosis (GOID 7067), cell division (GOID 51301), M phase (GOID 279), and mitotic cell cycle (GOID 278), were upregulated. Transferase activity (GOID 16746) was also upregulated. Significant downregulation in immune responses (GOID 6955) such as cell activation (GOID 1775) and cell adhesion (GOID 7155) was observed.
Consistent with the previously published analysis (Dillman et al., 2005) , we identified alterations in the cell cycle regulation functional gene category as the most striking changes resulting from SM exposure. Furthermore, GO analysis suggests that multiple biological pathways are involved in SM-induced toxic effects. A recent report comparing global gene expression analyses between laboratories and across platforms suggested that GO analysis is a more biologically meaningful and statistically robust approach to data analysis than relying on single-gene analyses (Bammler et al., 2005) . Our GO analysis demonstrates that unsupervised GO mapping and subsequent statistical significance analysis constitute a powerful unbiased approach to defining the biological pathways of known and novel SM-induced molecular changes in the rat lung. We noticed in MAPPFinder analysis that among the 11,212 probe sets measured in this experiment, only 4485 probe sets linked to an Ensembl ID and 3144 genes linked to a GO term. Thus, the biological significance of a large number of rat genes still needs to be defined. Once the annotation of these rat genes is completed, GO mapping and subsequent statistical significance analysis of microarray data will prove to be a powerful unbiased approach in defining biological pathways.
Quantitative Integration of GO Analysis to Evaluate Dose Response
Toxicogenomic data can provide profoundly important and novel information to the field of risk assessment. However, we Note. The number of significantly changed genes across doses (isopropyl alcohol, 1, 3, or 6 mg/kg) for each time point (0.5, 1, 3, 6, and 24 h) or the number of significantly changed genes across time points (0.5, 1, 3, 6, and 24 h) for each dose (saline, isopropyl alcohol, 1, 3, or 6 mg/kg) was identified by one-way ANOVA comparisons at p value 0.005. are currently facing the difficult challenge of how to quantitatively interpret dose-or time-dependent relationships resulting from genomic approaches. As presented, the conventional GO analysis does not provide any quantitative information about microarray data in a dose-dependent manner, and no methodology is available to achieve quantitative analysis of pathway-specific information. Thus, we developed a framework to evaluate functional genes from microarray data, as illustrated in Figure 1 , and propose the use of such data within a statistically significant functional gene category, such as a specific GO term in the GO database. The above calculation includes a large number of genes within each functional gene category, and there is currently no tool available to conduct such a task. We developed a computer program called GO-Quant, which automatically links functional GO analysis results from MAPPFinder with the original microarray data set, to calculate the average intensity or ratio for those significant genes within each GO term. Figure 3 shows the hierarchical cluster analysis of quantitative GO results across SM treatments after 6 ( Fig. 3A) or 24 h (Fig. 3B ). Compared to the conventional qualitative GO analysis shown in Tables 2 and 3, Figure 3 shows the dose-dependent alterations of each functional gene category (GOID) following SM treatment. Cell cycle genes (GOID 7049) were dose dependently upregulated 6 h after SM injection (Fig. 3A) , and cell cycle alterations, especially in M phase pathway genes (GOID 87, (Fig. 3B ). Dose-dependent downregulation of protein modification gene pathways, such as phosphorylation, were observed at the 6 h time point, while dose-dependent downregulation of immune response gene pathway (GOID 6952, 1775, and 45321) was observed at 24 h after SM injection (Fig. 3B) . Figures 4 and 5 further demonstrate the dose response of quantitative gene expression pathway alterations within each functional gene category in biological process (Fig. 4 ) and molecular function genes (Fig. 5 ). Significant upregulation in cell cycle gene pathways becomes obvious at 3 mg/kg both at 6 ( Fig. 4A ) and at 24 h (Fig. 5A ) after injection. Our results confirm that the above system approach is a more robust and clear Note. MAPPFinder was used to identify the differentially expressed GO terms based on the Z score ( 2) and permutation p value ( 0.05). The GO identify number (GOID), hierarchical tree (Path), GO term name (GO name), the number of genes changed within each functional gene category, number of genes measured on the array and number of the genes in the GO database, statistical significance value Z score and permutation p value were listed. GO terms with at least 3 genes changed and permutation test p value 0.05 were listed in table. Note. MAPPFinder was used to identify the differentially expressed GO terms based on the Z score ( 2) and permutation p value ( 0.05). The GOID, hierarchical tree (Path), GO term name (GO name), the number of genes changed within each functional gene category, number of genes measured on the array and number of the genes in the GO database, statistical significance value Z score, and permutation p value were listed. GO terms with at least three genes changed and permutation test p value 0.05 were listed in the table. 568 measurement to determine the degree to which a functional gene system changes across dose. As an alternative to representing annotations by the average of the annotated genes, the sum or the median expression profile could also be calculated using the GO-Quant. In most cases, the resulting plots are virtually identical (data not shown). Such an approach gives one the ability to calculate the ED 50 for a specific functional GO term, which is important for risk assessment.
QUANTITATIVE INTERPRETATION OF DOSE-AND TIME-DEPENDENT MICROARRAY DATA
Time Course Gene Alteration after a Single Injection of SM at a Dose of 6 mg/kg
In order to demonstrate the above application to the time course within this microarray data set, we further applied the above approach as illustrated in Figure 1 to analyze the time course data after the single injection of SM at a dose of 6 mg/kg. Figure 6 shows the hierarchical clustering analysis of 1111 genes whose transcription was significantly (p 0.001) altered across the selected time points (6 mg/kg SM). Using   FIG. 3 . GO-based hierarchical cluster analyses of gene expression data across dose after injection of SM at 6 (A) and 24 h (B). GO analysis was performed using MAPPFinder. The average ratio of the genes in a statistically significant functional gene category (GOID in GO database) was calculated with GO-Quant. The output file, including GO term, Z score, average intensity or ratio, and gene ID, was imported to TIGR MEV (Saeed et al., 2003) and a hierarchical cluster analysis conducted using average linkage and Euclidean dissimilarity methods (Eisen et al., 1998) . 
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cluster analysis, we identified changes in transcription in specific genes, e.g., upregulation of heme oxygenase 1, cyclin G, and cyclin-dependent kinase inhibitor 1A and downregulation of protein kinase C and chemokine ligand 12. As discussed, it is challenging to interpret these previous results in a biological context. Table 4 shows the list of GOID from the MAPPFinder analysis representing a global picture of biological processes, cellular components and molecular Note. MAPPFinder was used to identify the differentially expressed GO terms based on the Z score ( 2) and permutation p value ( 0.05). The GOID, hierarchical tree (Path), GO term name (GO name), the number of genes changed within each functional gene category, number of genes measured on the array and number of the genes in the GO database, statistical significance value Z score, and permutation p value were listed. GO terms with at least three genes changed and permutation test p value 0.05 were listed in the table. 574 function genes that are significantly altered (upregulated or downregulated) at the transcriptional level following SM exposure at 6 mg/kg (Table 4 ). As shown in Figures 7 and 8 , GO-Quant analysis revealed time-dependent alterations in various functional gene categories within biological process, cellular component, and molecular function genes. In the biological process gene category, time-dependent downregulation in immune cell activation (GOID 45321, 46649, and 1775) , cell division (GOID 51310), and response to drug (GOID 42493) were observed, especially at 6 h after SM exposure. In addition, time-dependent upregulations in the regulation of cell cycle (GOID 7050 and 74), protein ubiquitination (GOID 16567) gene pathways were also observed, particularly at 6 h postexposure. Our results confirm that the above systems approach allows us to demonstrate time-dependent alteration in cellular and molecular gene function based on GO categorization. It is not our focus in this paper to describe why these functional transcriptional alterations after SM injection are observed. Our current analysis is intended to demonstrate that our systematic approach to applying the average data within the statistically significant GOID is a powerful tool to quantitatively describe and interpret dose-or time-dependent relationships discovered using microarray data. FIG. 7 . GO-based hierarchical cluster analyses of gene expression data across time after injection of SM at a dose of 6 mg/kg. GO analysis was performed using MAPPFinder. The average ratio of the genes in a statistically significant functional gene category (GOID in GO database) was calculated with GO-Quant. The output file, including GO term, Z score, average intensity or ratio, and gene ID, was imported to TIGR MEV (Saeed et al., 2003) and a hierarchical cluster analysis conducted using average linkage and Euclidean dissimilarity methods (Eisen et al., 1998) . 
CONCLUSION
Using gene expression profiling following SM exposure, we have conducted a conventional GO analysis and compared it with our proposed quantitative approach for functional GO analysis. Our results confirmed that GO analysis is a powerful approach to generate an unbiased view of the functional gene alterations by SM. However, the quantitative approach we propose using combined average raw gene expression values (e.g., intensity or ratio) of genes associated with specific functional gene categories derived from the MAPPFinder results in conjunction with the GO-Quant algorithm provides a powerful tool to interpret microarray data in a dose-or timedependent manner. Additionally, this approach provides a global measurement based on pathway response as compared to single-gene assessments and enables one to calculate the corresponding ED 50 for each specific functional GO term, which is important for risk assessment. The application of such quantitative interpretation of toxicogenomic data is likely to become increasingly useful for the interpretation of toxicogenomic data generated for evaluating mechanistic similarity of novel chemicals.
